To provide a better understanding of anaplastic thyroid carcinoma (ATC) at the molecular level, this study aimed to identify the genes and key pathways associated with ATC by using integrated bioinformatics analysis.
Background
Thyroid cancer is one of the most common types of endocrine malignancy, the incidence of which is increasing to be among the top malignancies in the United States [1] . It is predicted that approximately 63 000 new cases of thyroid cancer were diagnosed in 2014 compared with 37 200 in 2009 [2] . Anaplastic thyroid carcinoma (ATC), which accounts for about 1-2% of all thyroid carcinomas, is considered to be highly resistant to all therapies, with a 1-year survival rate of 5-30% [3] and has a poor prognosis due to its extremely aggressive behavior [4] . Accumulating evidence demonstrates the participation of multiple genes and cellular pathways in the occurrence and development of ATC. Understanding the molecular mechanism involved in proliferation, apoptosis, and invasion will greatly improve diagnosis and therapy. To date, however, little is known about the precise molecular mechanism underlying ATC progression.
In recent years, microarray technology, a high-throughput approach, has been widely used to profile gene expression [5] . Many studies have made use of microarray technology to explore the differentially expressed genes (DEGs) in distinct pathways, biological processes, molecular functions, or cellular components [6] [7] [8] . Although current microarray technology has limited detection sensitivity and dynamic range, which restricts its ability to measure changes in low-level gene expression [9] , combining it with bioinformatics analysis enables comprehensive analysis of changes in expression of genes, providing a new and effective way to explore the molecular mechanisms of various cancers [10] [11] [12] . However, a reliable and accurate result with respect to ATC is still lacking. Therefore, in this study, we aimed to identify the key pathways and genes in ATC with the aid of extensive bioinformatics methods. We obtained 3 mRNA expression profile data sets -GSE9115, GSE65144, and GSE53072 -to conduct collaborative microarray analysis. The DEGs were first screened between ATC tissues and normal tissues for each data set. Then, the common DEGs from these 3 data sets were selected for gene ontology (GO) and pathway enrichment analysis, followed by protein-protein interaction (PPI) network construction and module analysis. Our results provide further insights into the development of ATC at the molecular level and reveal potential diagnostic biomarkers and therapeutical targets for ATC.
Material and Methods

Microarray data
We obtained 3 gene expression profiles (GSE9115, GSE65144, and GSE53072) from the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo), which is a public repository of gene expression datasets, original series, and platform records. The array data of GSE9115 includes 4 normal thyroid samples and 5 ATC samples [13] . GSE65144 consists of 13 normal thyroid samples and 12 ATC samples [14] . GSE53072 contains 4 normal thyroid samples and 5 ATC samples [15] .
Identification of DEGs
We used statistical analysis software R (version 3.5.0, https:// www.r-project.org/) and packages of Bioconductor (http:// www.bioconductor.org/) to conduct significance analysis of DEGs between ATC samples and normal samples among the 3 data sets, respectively. The microarray data were first preprocessed using the algorithm "RMA", which contains background adjustment and normalization with quantile method. Then, the Moderated T statistic approach was used to select significant DEGs with the ''limma'' package of Bioconductor. Finally, DEGs were annotated through an annotation table downloaded from the GEO website. The P value <0.05 and |logFC| >1 were set as the cutoff criteria. The common DEGs from the 3 gene expression datasets were extracted via the online tool Venny 2.1 (http://bioinfogp.cnb.csic.es/tools/venny/index.html) and used for the following analyses. The heat maps of the common DEGs for each data set were constructed using the Morpheus online tool (https://software.broadinstitute.org/morpheus/).
Functional and pathway enrichment analysis
Gene ontology (GO, http://www.geneontology.org/) is a framework for the model of biology, which describes gene functions and classifies them along 3 aspects: molecular function (MF), cellular component (CC), and biological process (BP). The Kyoto Encyclopedia of Genes and Genomes (KEGG, http:// www.genome.jp/kegg/) is a collection of databases for understanding high-level gene functions and utilities of the biological system. The Database for Annotation, Visualization, and Integrated Discovery (DAVID, https://david.ncifcrf.gov/home.jsp) is an online tool that provides a comprehensive set of functional annotation tools to investigate the biological meaning behind a mass of genes. In order to analyze DEGs at the functional level, GO term enrichment analysis and KEGG pathway enrichment analysis were conducted using DAVID. P<0.05 was considered to have statistical significance and to achieve significant enrichment.
PPI network construction and modules analysis
The Search Tool for the Retrieval of Interacting Genes (STRING, https://string-db.org/) is a freely accessible biological database to evaluate protein-protein interaction information. STRING (version 10) contains 9 643 763 proteins from 2031 organisms.
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To assess the interactive relationships among DEGs, the DEGs were mapped to STRING with the confidence score >0.7 set as the cutoff criterion. Then, the PPI network was constructed and visualized using Cytoscape. The plug-in Molecular Complex Detection (MCODE) [16] was used to screen the modules of the PPI network with the following criteria: Max. Depth=100, K-Core=2, Mode Score Cutoff=0.2, and Degree Cutoff=2. Moreover, the function and pathway enrichment analysis were conducted for DEGs in each module with the plug-in Biological Network Gene Ontology (BiNGO). P<0.05 was considered to indicate significant differences.
Results
Identification of DEGs
A total of 3214, 3553, and 1884 DEGs were identified from GSE53072, GSE65144, and GSE9115, respectively, and a total of 537 DEGs were screened out from all 3 datasets as shown in Figure 1C . Among them, 247 genes were upregulated and 275 genes were downregulated ( Figure 1A, 1B) . The hierarchical clustering analysis of 537 overlapped DEGs in the 3 datasets is shown in Figure 2 . As shown in the expression heat maps, there were significant differences between the ATC group and the normal control group in expression patterns of DEGs. The results indicated the high consistency in expression patterns of DEGs among the 3 datasets, and that the overlapped DEGs may be truly differentially expressed in the ATC group compared with those in the normal control group.
GO term enrichment analysis
The common identified DEGs, including both upregulated and downregulated ones, were all uploaded to DAVID to identify overrepresented GO categories and KEGG pathways. The upregulated DEGs were mainly involved in biological process (BP), LAB/IN VITRO RESEARCH associated with cell division, mitotic nuclear division, and cell adhesion, and the downregulated DEGs were significantly enriched in melanocyte differentiation, regulation of phosphatidylinositol 3-kinase signaling, and ventricular cardiac muscle cell action potential (Table 1 ). In the cell component (CC) ontology, the upregulated DEGs were enriched in kinetochore, extracellular space, and membrane, and the downregulated DEGs were enriched in extracellular exosome, apical plasma membrane, and sarcolemma. Molecular function (MF) analysis also indicated that the upregulated DEGs were significantly enriched in protein binding, ATP binding, and integrin binding, and the downregulated DEGs were enriched in calmodulin binding, oxidoreductase activity, and acyl-CoA dehydrogenase activity.
KEGG pathway analysis
To gain further insight into the function of the identified DEGs, Table 2 shows the top 10 significantly enriched pathways of the upregulated DEGs and downregulated DEGs through KEGG analysis. The upregulated DEGs were mainly enriched in cell cycle, ECM-receptor interaction, and leishmaniasis, and the downregulated DEGs were mainly enriched in thyroid hormone synthesis, insulin resistance, and pathways in cancer.
PPI network construction and module selection
Based on 537 DEGs, |logFC|>2 is individually set as the cutoff criteria to present a clear PPI network (Figure 3 ). Based on information from the STRING database, the top 10 DEGs with higher degrees were screened and selected as hub genes, which showed a strong association with other node proteins, as depicted in Figure 4 . Among these hub genes, CDK1 showed the highest node degree, which was 113. In addition, the top 2 most significant modules were selected ( Figure 5 ), and the enrichment analysis (Tables 3, 4) showed that the genes in these 2 modules were mainly associated with cell cycle and positive regulation of mitosis, respectively.
Discussion
Anaplastic thyroid cancer (ATC) remains one of the deadest diseases. Recent studies showed that mutations, amplifications, activation of oncogenes, and silencing of tumor suppressor genes contribute to its aggressive behavior [17] . Understanding the etiological factors and molecular mechanism of ATC is of critical importance to improving its survival rate and prevention. Due to the rapid development of microarray technologies in recent years, we are able to explore the potential targets for row min row max diagnosis, therapy, and prognosis of ATC via integrated bioinformatic methods.
In this study, 3 gene expression data sets of ATC were retrieved from the GEO data set. A total of 537 DEGs were screened, including 247 upregulated genes and 275 downregulated genes. In order to investigate the biological meaning behind these DEGs, we performed GO and KEGG pathway analysis.
The bioinformatics analysis showed that these upregulated genes were mainly related to cell proliferation. Specifically, GO term enrichment analysis showed that 29 upregulated DEGs participated in cell division and 20 upregulated DEGs enriched in mitotic nuclear division. KEGG pathway analysis indicated that 14 upregulated DEGs were significantly enriched in cell cycle and 5 upregulated DEGs were enriched in DNA replication. PPI network and module analysis also indicated that the gene modules were significantly enriched in cell proliferation. It has been shown that uncontrolled cell proliferation is the primary feature of cancer, and tumor cells can damage genes that directly regulate their cell cycles [18] . The role of the cell cycle is believed to be important in the etiology of cancer [19] . The present study clearly shows that many DEGs influenced the development of ATC by regulating cell proliferation. For example, CDCA4, a member of the CDCA family, which was upregulated in our study, participates in regulation of proliferation through the E2F/retinoblastoma pathway [20] . In addition, as the main upregulated DEGs, kinesin superfamily proteins (KIFs) are essential for cell mitosis and meiosis, the abnormality of which can cause cell death, gene deletion, and even carcinogenesis [21] . Therefore, it is meaningful to further explore the relationships and mechanisms between the DEGs and ATC.
GO term enrichment analysis also suggested that several downregulated genes participated in the development of thyroid carcinoma, as 4 genes were enriched in ventricular cardiac muscle cell action potential. Specifically, the first published GWAS in differentiated thyroid cancer confirmed the association with the 3p22 SNP rs1159444 c(GPD1L) [22] . In addition, the other 3 downregulated genes in ventricular cardiac muscle cell action potential have been confirmed to play roles in thyroid cancer [23, 24] , but the exact mechanism is still unknown.
Furthermore, KEGG pathway analysis demonstrated that downregulated DEGs are mainly involved in insulin resistance (IR) and pathways in cancer. This is consistent with data showing that high prevalence of IR is an important risk factor for thyroid cancer [25] , and that the variant signaling pathway participates in thyroid cancer [26] . Hayashi et al. [27] reported the antitumor effects of peroxisome proliferator activate receptor g ligands on anaplastic thyroid carcinoma, which has been regarded as a target for insulin resistance type 2 diabetes treatment. The enriched DEGs analyzed by the KEGG pathway are mainly involved in the PI3K-AKT signaling pathway, the MAPK signaling pathway, and the wnt signaling pathway. In previous studies, the PI3K-AKT and MAPK signaling pathways were shown 
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to be primarily involved in FTC and differentiated PTC, respectively [28, 29] . A growing number of studies have demonstrated that the dual activation of MAPK and PI3K-AKT pathways may be a common mechanism for promoting the progression of thyroid cancer [30] . Furthermore, Kurihara et al. have identified the association of the wnt signaling pathway with anaplastic thyroid cancer [31] . Hence, the molecular-targeting therapy of ATC needs to be further explored in future studies.
The PPI network was constructed among 569 DEGs and presented the top 10 hub genes: CDK1, CCNB1, TOP2A, AURKB, CCNA2, BUB1, AURKA, CDC20, MAD2L1, and BUB1B. CDK1 has the highest degree of node connectivity in the PPI network; it plays an important role in unrestricted cell proliferation and regulates the cell cycle, mainly by interacting with cell cycle regulatory cyclins. For example, the CDK1-cyclin B1 complex is responsible for entry and progression of the mitotic phase (M) [32, 33] . By inhibiting the activity of CDK1, the proliferation of thyroid cancer can be repressed in vivo and in vitro [34] . The second and the fifth hub genes, CCNB1 and CCNA2, belong to the highly conserved cyclin family. CCNB1 complexes with p43 (cdc2) to form the maturation-promoting factor (MPF) and plays vital roles in control of the cell cycle at G2/M transitions, while CCNA2 is involved in control of the cell cycle at the G1/S and the G2/M transitions and is necessary in embryonic cells and hematopoietic lineage. Both of them have been reported to be expressed in many cancer types [35, 36] . Accumulating evidence shows that CCNB1 is overexpressed in 4 undifferentiated thyroid carcinomas [37] and ATC is overexpressed in genes that code for cyclins, including CCNA2 [13] . The third hub gene TOP2A is located on chromosome 17q12-q21 near the HER2 oncogene. It is well known that co-amplification of HER2 and TOP2A is associated with sensitivity to anthracycline therapy for some types of cancer [38] . Some recent studies also reported that TOP2A is upregulated in the ATC and cell lines and is involved in DNA replication and DNA metabolic processes [39] . As a member of the Aurora kinases family, AURKA is an important protein in the regulation of G2/M transition during mitosis. It has been identified that AURKA is one of the most frequently and strongly overexpressed genes in some tumors, including ATC [40] . Another Aurora kinase, AURKB, has a dynamic subcellular localization during cell cycle progression. It was shown that overexpression of AURKB can lead to multinucleation and polyploidy and is highly correlated with genomic instability and poor prognosis in thyroid cancers, indicating its role in neoplastic transformation [41] .
BUB1 is a multi-task protein kinase required for proper chromosome segregation in eukaryotes. Quyang et al. [42] demonstrated that no mutations of BUB1 exist in the thyroid carcinoma cell lines and that other factors must account for the mitotic checkpoint dysfunction and chromosomal instability detected in thyroid cancer cells. In contrast, a recent study showed that the high expression of BUB1B, which originated from the same gene of BUB1, was associated with recurrence in papillary thyroid cancer [43] . Therefore, more studies are needed to investigate the function of BUB1 and BUB1B in ATC.
The interaction between BUB1 and BUB1B in ATC needs to be explored as well. As an important factor of the spindle assembly checkpoint, CDC20 plays a crucial role in tumorigenesis and progression. Recent studies showed that CDC20 expression was ATC-specifically upregulated [44] . It has also been shown that disruption of MAD2L1, an important interactive protein in maintaining spindle checkpoint function, is closely associated with aneuploidy and tumorigenesis [45] . However, further studies are needed to determine the role of MAD2L1 in ATC.
6446
